[1] A global ionospheric total electron content (TEC) model based on the empirical orthogonal function (EOF) analysis method is constructed using the global ionosphere maps provided by Jet Propulsion Laboratory during the years 1999-2009. The importance of different types of variation to the overall TEC variability as well as the influence of solar radiation and geomagnetic activity toward TEC can be well represented by the characteristics of EOF base functions E k and associated coefficients P k . The quick convergence of EOF decomposition makes it possible to use the first four orders of the EOF series to represent 99.04% of the overall variance of the original data set. E 1 represents the essential feature of global spatial and diurnal variation of the TEC. E 2 contains a hemispherically asymmetric pattern manifesting the summer-to-winter annual variation. E 3 and E 4 can well reflect the equatorial anomaly phenomenon. P 1 contains an obvious solar cycle variation pattern as well as annual and semiannual variation components. P 2 mainly includes an annual fluctuation component. P 3 has a strong annual variation and a weak seasonal variation pattern. P 4 has both evident annual and semiannual oscillation components. The Fourier series as a combination of trigonometric and linear functions are used to represent the solar cycle, annual, and semiannual variation of the coefficients. Therefore the global TEC model is established through incorporating the modeled EOF series. The accuracy and quality of the model have been validated through the model-data comparison, which indicates that the model can reflect the majority of the variations and the feature of temporal-spatial distribution of the global ionospheric TEC.
Introduction
[2] Ionospheric variability is influenced by a number of factors which can be generally divided as solar ionizing radiation, geomagnetic activity, and meteorological influences [Forbes et al., 2000; Rishbeth and Mendillo, 2001 ]. Ionospheric models have been playing an indispensable role in attributing different types of variations in the ionosphere as a function of above parameters and specifying the ionospheric environment as practically as possible. Ionospheric empirical models, which are mainly built on statistical analysis of extended data sets, utilize appropriate theory-based functions to manifest the intrinsic variations in the ionospheric parameters [Bilitza, 2002] . Empirical models typically represent the gross features in the ionosphere quite well, but are limited to the way the model was built, the data that was used to construct it, and the conditions that were occurring while the data was taken. First principle models, on the other hand, tend to not reproduce the data as well as empirical models, but can be run for a wider set of conditions. Further thought experiments can be run with first principle models to test theories. Therefore, it is clear that there remains a need for both types of models.
[3] The ionospheric total electron content (TEC) is one of the particularly important descriptive physical quantities of the ionosphere. TEC has been extensively investigated and modeled not only for the scientific research of ionosphere but also for applications such as satellite navigation, error correction to operational systems, determining the scintillation of radio wave, and satellite altimetry.
[4] The distribution of electron densities on which the construction process of a TEC empirical model is based can be acquired via at least two different ways. One is from existing empirical models such as the International Reference Ionosphere (IRI) model [Bilitza, 1990 [Bilitza, , 2001 , which describes the profile of electron density and is driven by geographic and geomagnetic location, F 10.7 , and geomagnetic activity level. A second method would be utilizing different TEC measurements at single or regional sites. Most early empirical TEC models were implemented based on three fundamental types of techniques for measuring the ionospheric TEC: Faraday rotation, Differential Doppler, and Group Delay methods. Some studies used the simultaneous Faraday 1 rotation measurement of polarized signals to build the empirical models [e.g., Poulter and Hargreaves, 1981; Gulyaeva, 1999; Unnikrishnan et al., 2002] . The European COST Actions 238 [Bradley, 1999] and Actions 251 [Hanbaba, 1999] constructed the regional TEC empirical models from Differential Doppler observations on the signals of the Navy Navigation Satellites Systems (NNSS). Recently, the GPS measurements obtained from the global and regional networks of International GNSS Service (IGS) ground receivers have been widely used to derive the TEC data over large geographic areas with high temporal and spatial resolution [Mannucci et al., 1998; Hernández-Pajares et al., 1999; Zhang and Xiao, 2003; Mendillo, 2006] . The GPS technique has great advantages in specifying the patterns of TEC morphology as well as producing real-time global ionosphere maps (GIMs) and regional ionosphere maps (RIMs) of TEC distribution [e.g., Wilson et al., 1995; Iijima et al., 1999; Ping et al., 2002; Orús et al., 2005; Stolle et al., 2005; Fuller-Rowell et al., 2006; Sayin et al., 2008] . Therefore, a great number of new TEC empirical models based on GIMs/RIMs have been well developed. For example, Habarulema et al. [2010 Habarulema et al. [ , 2011 built regional GPS-based TEC models over Southern Africa by using a neural network analysis method. Bouya et al. [2010] used Spherical Cap Harmonic Analysis (SCHA) to construct a regional ionospheric TEC model over Australia. Mao et al. [2008] proposed a climatological model of TEC over China using 9 years of GPS data utilizing empirical orthogonal function (EOF) analyses. Wan et al. [2008a] developed a global ionospheric TEC model using a statistical Eigen mode analysis method. In this paper, we will present a global TEC model that is constructed utilizing EOF decomposition of long-term TEC data from global ionosphere maps and regression analysis to fit the associated EOF coefficients. The primary purpose is to describe a compact means of reproducing the TEC GIMs provided by Jet Propulsion Laboratory (JPL). It is also expected to use this model to characterize the variability within the global TEC and identify the associated drivers of that variability. Moreover, we aim to make this model applicable under geomagnetic disturbance conditions to verify the reliability in capturing the dynamics of TEC in different conditions.
[5] In section 2, we will present a brief description of the TEC data used for the current study. The implementation of the EOF analysis to the global TEC data is then described in section 3. The validity and accuracy of the model are verified by a presentation of data-model comparisons in section 4, and the summary and conclusions are presented in section 5.
TEC Data Set
[6] The ionospheric TEC is derived by mapping the slant path delay of the signal from dual frequency L band (1.545 GHz and 1.226 GHz) observed by the global networks of IGS ground receivers [Ge et al., 2004; Dow et al., 2009] . Presently IGS manages a network of 436 stations and 371 active stations as of November 2011, which increased by more than 300 stations within one solar cycle. IGS provides the highest precision of GPS satellite orbits, and precise positions (5 mm) for 350 worldwide reference stations. Thus 6-8 simultaneous TEC measurements can be provided by each of the receivers covering the range of 1000 km [Wan et al., 2008b] . Therefore the GIMs can be constructed with much higher resolution with respect to the increasing of the data points. Figure 1 displays a sample of global distribution of TEC. Usually the single ionospheric layer assumption is considered to convert the slant path TEC to vertical TEC (VTEC) with a mapping function. Currently, five analysis centers routinely provide GIMs of TEC using the evergrowing global network of dual frequency GPS receivers. These are the Center for Orbit Determination of Europe (CODE) [Schaer, 1999] , JPL [Ho et al., 1996] , European Space Agency (ESA) Feltens, 2007] , Polytechnical University of Catalonia (UPC) [Hernández-Pajares et al., 1997] , and the Energy Mines and Resources Canada (EMR) [Gao et al., 1994] . All the above products have a temporal resolution of 2 hours and spatial resolution of 2.5 (latitude) Â 5 (longitude) with errors of several TEC Units (TECU, 1 TECU = 10 16 el/m 2 ) [Hernández-Pajares et al., 2009] . For the current study, we chose the global VTEC data from 1 January 1999 to 31 December 2009 provided by the JPL GIMs to establish the empirical model. For more details on the data retrieval, readers may refer to Mannucci et al. [1998] .
Modeling Technique

Description of EOF Analysis Method
[7] The EOF analysis method, also known as Natural Orthogonal Component (NOC) algorithm or principal component analysis (PCA), was originally invented by Pearson [1901] . The physical essence of EOF theory is to reduce the dimensionality of a dataset consisting of multiple intercorrelated variables, while preserving the majority of the variation influenced by some independent processes as much as possible [Jolliffe, 2002] . This is done by using an orthogonal transformation to decompose the original data set into a set of uncorrelated and ordered base functions as well as associated coefficients. The orthogonal base functions are not predetermined artificially, but are derived from the original data set through decomposition processes. Moreover, each succeeding base function contains the variance present in the original variables as much as possible, which makes the EOF series converge rapidly. Therefore, it is possible to use only a few EOF base functions to describe the internal characteristic of the data, while the majority of the variance in data can be best represented. The advantages of the EOF analysis method have made it one of the preferred methods in the meteorological field to analyze the dominant components of temporal and spatial variations [Lorenz, 1956] . The EOF analysis method has also been used for empirical modeling of ionospheric and thermospheric variability [e.g., Dvinskikh, 1988; Singer and Dvinskikh, 1991; Daniell et al., 1995; Matsuo et al., 2002 Matsuo et al., , 2005 Marsh et al., 2004; Zhao et al., 2005; Zapfe et al., 2006; Liu et al., 2008; Mao et al., 2008; Zhang et al., 2009 Zhang et al., , 2010 Matsuo and Forbes, 2010; A et al., 2011; Wan et al., 2012] . From the mathematical perspective, the orthogonal base functions, also called EOFs, are discrete functions of discrete variables. They are the eigenvectors of the covariance matrix formed from the original data matrix. For more details on the mathematical descriptions of the EOF analysis method, readers may refer to Dvinskikh [1988] , Storch and Zwiers [1999] , and Xu and Kamide [2004] .
TEC Data Decomposition and Model Construction
[8] The original global TEC data were arrayed in terms of the coordinate system of geographical latitude and longitude. It is expected that the photoionization is the primary mechanism in producing ionospheric plasma. The dynamics of photoionization is basically influenced by the fact that the electrons are constrained to the magnetic field lines. The extent of photoionization is strongly dependent on local time [Mannucci et al., 1998 ]. Hence the ionospheric variability and the features of ionospheric electrons are strongly dependent on the local time, geomagnetic latitude, solar ionizing radiation, geomagnetic activity, and other elements. Thus it is very important to consider the influences from both the configuration of geomagnetic field and the spinning of Earth for constructing the TEC empirical model. Rawer [1963 Rawer [ , 1984 proposed a solution to above problem by adopting a coordinate system expressed by local time (LT) and the modified dip latitude (Modip) instead of simple geographic or geomagnetic coordinates. Recent studies have shown that the global features and variability within the ionosphere can be captured better by such a coordinate system [e.g., Azpilicueta et al., 2006; Zhang et al., 2009 ]. In the current study, we therefore adopted the coordinate (LT, Modip) for the data decomposition processes. The modified dip latitude is defined by equation (1) according to Rawer [1984] .
where I is the magnetic inclination angle, and j is the geographic latitude.
[9] The processed global TEC data are decomposed as follows:
where E k (LT, Modip) are the EOF base functions that change with local time and modified dip latitude, which can represent the diurnal variation and spatial distribution of the original data. P k (UT, d) are the associated coefficients that vary as a function of universal time and day, which can indicate the long-term temporal fluctuation of the original data. N represents the number of EOF 2D base functions. Table 1 lists the variances contributed by the first six EOF series. It can be seen that the contributions to the original data are 97.51%, 0.83%, 0.42%, and 0.28% for the first four EOF series, respectively, and 99.04% of the total variance in original data set can be accounted for in the combination of the first four EOF series, which manifests that the EOF decomposition converges quite quickly. So it is feasible to use only a few EOF base functions as well as the associated coefficients to represent most of the variation of the data set. Therefore, the number of modeling parameters is greatly reduced, while the accuracy of reconstruction remains considerably high.
[10] Figure 2 displays the contour plots of the first four orders of EOF base functions E k in modified dip latitude and local time coordinates, while Figure 3 shows the distribution of the first four orders of coefficients P k as a function of time and day. It is evident that the first-order base function E 1 shows mainly a diurnal variation, which closely resembles the latitude-local time distribution of the sample TEC shown in Figure 1 . It is worth noting that E 1 contains a strong global average component that dominates the overall TEC variation since the first-order EOF series constitutes 97.51% of the total variance. Table 2 lists the correlation coefficients of the first four orders of EOF series with the solar and geomagnetic indices. The coefficient between the first order of EOF series and the F 10.7 index is as high as 0.886, while it is relatively weak for A p , D st , and AE. This phenomenon shows that the solar extremely ultraviolet (EUV) radiation is the major driver of the overall TEC variation [Forbes et al., 2006] , while geomagnetic activity plays a smaller but nonnegligible role.
[11] The second-order base function E 2 mainly displays a hemispherically asymmetric pattern, which can be attributed to the summer-to-winter annual variation induced by the uneven solar EUV illumination. This can be confirmed from Figure 3 with the second-order EOF coefficient P 2 which mainly contains an annual variation component. In addition, the second-order EOF series correlate weakly with F 10.7 , A p , and D st indices, while a relatively stronger (although quite weak) correlation with AE is observed. This could possibly be caused by asymmetric auroral inputs due to one hemisphere being in darkness [Newell et al., 1996] . This could drive asymmetric electron densities in the auroral zone and possibly neutral wind patterns that could cause hemispherically asymmetric electron densities. It can also be seen that there is a clear UT variation in P 2 , which is due to the tilt of the Earth's magnetic field with respect to rotation axis.
[12] The most predominant feature of the third-order base function E 3 is the latitude distribution profile with positive/ negative peaks located at about AE 20 modified dip latitude in each hemisphere and smaller variation components in between and outside, which is consistent with the wellknown equatorial anomaly. A remarkable feature worth noticing is that the fourth-order base function E 4 also displays an evident "equatorial anomaly" phenomenon though it is more obvious in postsunset region. Considering the correlation coefficients, the fourth-order EOF series correlates weakly with F 10.7 , A p , and AE indices, while it exhibits highest correlation with D st index. This explains that the phenomenon might be partly related to the low-latitude electrodynamics in storm time. During geomagnetically disturbed time, the upward (downward) E Â B drift on the dayside (nightside) are weakened by the disturbance dynamo, which correspondingly results in weaker (stronger) equatorial anomaly on the dayside (nightside) [Fejer et al., 1995; Fuller-Rowell et al., 1997; Maruyama et al., 2003; Matsuo and Forbes, 2010] . Therefore this phenomenon is most eminent in the prereversal enhancement region. Both P 3 and P 4 have very strong UT dependence, which can also be attributed to the distortion in the magnetic field.
[13] Another phenomenon worth noting is that there are some negative values of correlation coefficients for A p , D st , and AE indices in Table 2 . This is because the solar geomagnetic driver and the response of TEC are not strictly simultaneous. In other words, there is time delay between the driving force and the response, which will certainly generate inverse correlation relationship. But in general, these negative values are very small, which seems lack of physical significance.
[14] Figure 4 displays the long-term variation of F 10.7 , A p , D st , and AE indices during the time period 1999-2009. It can be seen from the comparison of Figures 3 and 4 that the first-order EOF coefficient P 1 indicates an obvious solar cycle variation pattern which depends strongly on solar activity represented by F 10.7 index. In order to better display the smaller-scale variation components, the wavelet power spectrum analysis method [Grinsted et al., 2004] was used to further explore the first four orders of the EOF coefficients. Figure 5 shows the results. It can be seen from Figure 5 that P 1 mainly contains annual and semiannual variation components. The annual oscillation is the major variation component both in the second-order EOF coefficient P 2 and the third-order EOF coefficient P 3 . The fourth-order EOF coefficient P 4 has both annual and semiannual variation components, with the magnitude of semiannual variation component becoming weaker than that of the annual variation with declining solar activity. In addition, P 3 also has a weak seasonal variation component (3-4 months).
[15] All of the four orders of EOF coefficients have a small amount of variations with periods around 1 month, but much more spread out. This could be due to the solar rotation variation components or the solar wind high-speed stream related to the distribution of the coronal holes on the Sun's chromosphere Thayer et al., 2008] , which indicates that the coefficients have certain dependence on solar activity.
[16] The aforementioned analysis shows that the EOF decomposition method is able to distribute the overall variance within the original data set into different components induced by corresponding drivers or mechanisms with respect to their relative contribution. For the model construction, here we need to implement a second EOF decomposition for the coefficients P k (UT, d) as follows:
where B kn (UT) is the nth base function from EOF decomposition of P k reflecting the variance with the universal time, while A kn (d) is the associated nth coefficient representing the long-term variations. M is used to indicate the number of base functions for UT.
[17] Figure 6 displays the distribution of the first four orders of the base functions B kn and the associated coefficients A kn acquired from the second layer EOF decomposition. The base functions B kn mainly contain diurnal variation components, while the coefficients A kn represent the solar cycle, annual, and semiannual variation patterns and show a solar and geomagnetic activity dependence. Therefore, it is feasible to model the second layer coefficients A kn using the following harmonic functions to represent the solar cycle, annual, and semiannual variations and to reflect the solar and geomagnetic activity dependence: Figure 3 . The distribution of the first four EOF coefficients through EOF decomposition of VTEC. where C kn1 , C kn2 , and C kn3 correspond to the solar cycle, annual, and semiannual variation components in EOF coefficients A kn , respectively. The C kn1 , C kn2 , and C kn3 are described as a combination of sinusoidal functions to represent different variation periods and linear functions of solar/geomagnetic indices to show their dependence on solar/ geomagnetic activity. The factors D, E, F, G, H, I, J, K, L, and M can be calculated via least squares fitting method. a = 2pd/ 365.25, ɛ is the residual error. F 10.7p = (F 10.7 + F 10.7A )/2, which was calculated based on the daily F 10.7 and its 81 day moving average F 10.7A . F 10.7p has been used in solar irradiance empirical models as a solar EUV proxy [e.g., Hinteregger et al., 1973; Richards et al., 1994] . It was confirmed that the intensity of solar EUV flux can be well represented by F 10.7p which has been considered to be a better solar proxy than normal F 10.7 for common use [Liu et al., 2006 [Liu et al., , 2011 . The modeled coefficients A kn can then be With the modeled coefficients A kn and the base functions B kn , the modeled EOF coefficients P k can be determined using equation (3). Finally, the modeled TEC value can be obtained with the modeled coefficients P k and the base functions E k using equation (2).
Model Validation
[18] In order to verify the validity of the global TEC model constructed by the double layered EOF method, here we will model the TEC value for each single year among 1999-2009, and then the TEC values calculated from the EOF model is used to make comparison with the original GIMs either globally or locally. Therefore the whole TEC data is modeled though we divide it into 11 parts based on natural year. One important thing worth noting is that the TEC data of each selected year for data-model comparison is excluded from the GIMs while building the EOF model. In other words, the data among the chosen time period is not included in the data set to produce the EOF coefficients. For example, the TEC model for 2002 used the GIMs data from the other 10 years (i.e., 1999 $ 2001 and 2003 $ 2009) while the data at 2002 is excluded. This makes the chosen data independent for model validation.
[19] After the above procedure, we first calculate the global mean TEC for the observed and modeled TEC by the following equation [Afraimovich et al., 2008] :
Figure 6. Distribution of (left) the base functions and (right) the associated coefficients acquired from the second layer EOF decomposition of TEC.
where i, j are the grid points along the latitude and longitude, respectively; I i, j is the TEC value in each grid cell, while S i, j is the associated area of the grid cell. Figure 7 displays the comparison of scatterplots between the modeled and observational values of TEC during the time period 1999-2007. It can be seen that the modeled global mean values correlate highly with the observational values of the global mean TEC, which indicates that the EOF model method can accurately represent the majority of the variations within the global mean observed within the original data set. In addition, the correlation coefficients are larger in high solar activity years than that in low solar activity years. This phenomenon has been observed in several studies for different ionospheric parameters using EOF model method [e.g., Liu et al., 2008; Zhang et al., 2009 Zhang et al., , 2010 A et al., 2011] . It is more likely a typical feature of the EOF decomposition method, which might be induced by the larger cumulative percentage variances during high solar activity years than that in low solar activity years [A et al., 2011] .
[20] In order to better display the ability of the EOF model to reproduce the temporal-spatial feature of the TEC, Figures 8 and 9 show the global TEC maps in high solar activity year 2002 calculated from the JPL GIMs and modeled values, respectively. Both figures have four maps plotted corresponding to the vernal equinox, summer solstice, autumnal equinox, and winter solstice as a function of local time and geographic latitude. The modified dip latitude is also marked on the maps. Figures 10 and 11 show the similar TEC maps except for low solar activity year 2009. We can see that the feature of the TEC GIMs can be well reproduced by the EOF model, including both the large-scale and the smaller-scale features such as the sunset enhancement and equatorial anomaly. Yet there are some differences between the observed and model TEC which are mainly concentrated in the equatorial anomaly region. Further, it appears that the quality of the EOF model is better in the high solar activity year. This phenomenon is consistent with aforementioned studies.
[21] To further show the validity of the EOF model, Figures 12 and 13 display the comparison between the observed and modeled TEC at the same longitude (120 E) and eight different latitudes representing the high-latitude, midlatitude, and low-latitude regions for both Northern and Southern Hemispheres during high solar activity year 2002 and low solar activity year 2009, respectively. It can be seen that the value predicted by EOF model agrees quite well with the observed TEC.
[22] The deviation between the model and the observational data can be used to better investigate the accuracy of the EOF model at a single station. It is also necessary to compare the EOF model with other global ionospheric TEC models to better estimate there liability and validity of EOF model. Based on above consideration, the IRI model, one of the most widely used empirical models, is used to compare with the EOF model. Here a statistical analysis is implemented to calculate the relative difference (RD) and the normalized root mean square error (RMSE) between the observed and the modeled TEC values to make a quantitative validation:
where RD is the average during a time period at a specific location and for each LT, and the N T is the total number used for data-model comparison at all local times during the given time period.
[23] Figure 14 shows a sample plot of the diurnal variation of RD and RMSE between the TEC GIMs and modeled TEC values at Beijing (115.9 E, 39.6 N) . The comparison is made for both high solar activity year 2002 and low solar activity year 2009 in spring (March, April, and May), summer (June, July, and August), autumn (September, October, and November), and winter (December, January, and February).
It can be seen that the RD and RMSE calculated via EOF method is, in general, smaller than that acquired from IRI model. This demonstrates that the EOF model is able to better represent the majority of the variation in the original data set than that for IRI model. One thing worth carefully inspecting is that the RMSE of EOF in winter for high solar activity years are somewhat larger than the values in other seasons. This phenomenon, which is similar to the ionospheric winter anomaly, might be attributed to the large-scale interhemispheric circulation resulting into seasonal changes in the O/N 2 ratio during high solar activity. Hence the increase of ion production rate in winter hemisphere overwhelms the increase in wintertime lost rate. The anomaly enhancements of electron and ion density in winter will decelerate the velocity of the convergence of EOF decomposition, thereby further reduce the accumulated variance in the first four orders of the EOF series. Therefore the accuracy of model in winter is reduced.
[24] The validation of the EOF model during magnetic storms should also be considered. Figure 15 shows the comparison of JPL GIMs and EOF model on 30 October 2003 (i.e., Halloween storms). From the spatial perspective, the features shown in GIMs are reproduced not well by EOF model, especially in equatorial region. From the temporal perspective, the EOF model overunderestimate the TEC value during the main phase of the storm. Therefore it is quite challenging to capture the TEC dynamics during geomagnetic disturbed conditions. However, our consideration is to construct an empirical model that can reflect the climatologically development of the TEC.
Summary and Conclusions
[25] In this study we present a global TEC model based on the EOF analysis method using the TEC GIMs during the time period 1999-2009 provided by JPL. The main findings and conclusions are:
[26] Firstly, it is much easier to capture the variability in the TEC when the data is converted into a coordinate system based on the magnetic dip latitude and local time. This removes significant amounts of variability that is simply due to the longitudinal dependence of the magnetic equator.
[27] Secondly, the first-order EOF base function E 1 represents a diurnal variation with a strong global average component, dominating most of the TEC variation. Solar EUV radiation and geomagnetic activity are the major drivers of E 1 . The second-order EOF base function E 2 shows a hemispherically asymmetric pattern, indicating the summer-towinter annual variation. This phenomenon may be attributed to the uneven solar EUV illumination. Both the third and fourth EOF base functions (E 3 and E 4 ) contain an evident equatorial anomaly phenomenon with positive/negative peaks located at about AE 20 ∘ modified dip latitude on each hemisphere and weak variation in between and outside.
[28] Thirdly, the first-order EOF coefficient P 1 contains an obvious solar cycle variation pattern as well as annual and semiannual variation components. The second-order EOF coefficient P 2 mainly includes annual fluctuation component. The third-order EOF coefficient P 3 contains a strong annual variation component and a weak seasonal variation pattern. The fourth-order EOF coefficient P 4 has both annual and semiannual oscillation components, while the magnitude of semiannual variation component becomes weaker than that of annual variation pattern with declining solar activity. Both P 3 and P 4 contain very strong diurnal variations which may be related to the magnetic field rotating around the Earth's rotation axis. All of the four EOF coefficients have somewhat variation components related to solar rotational variation or solar wind high-speed stream, which indicates their basic dependence on solar activity.
[29] Finally, the EOF decomposition method is able to separate the overall variance of the original data set into different variation components with respect to the associated drivers or mechanisms. The EOF decomposition converges quite quickly, thus it is possible to use only the a fourth-order EOF series to represent more than 99% of the total variance in the original data set. We constructed the TEC model using the trigonometric form of Fourier series described as a combination of sinusoidal functions with different periods to represent the solar cycle, annual, and semiannual variation components. Magnitudes are expressed with the linear functions of solar/geomagnetic indices to show their dependence on solar/geomagnetic activity. The data-model comparison implies that the model can reproduce quite well the observed TEC data set. The accuracy and quality of the model have been validated through the global-scale, regional, and singlestation inspection as well as the statistical analysis. However, it is hard to use the climatologically developed EOF model to capture the dynamics of the TEC under geomagnetic disturbed conditions, which need to be studied using TEC data with much higher spatial-temporal resolution. 
